Laser-induced breakdown spectroscopy (LIBS) is an analytical technique real-time geochemical analysis that is being developed for portable use outside of the laboratory. In this study, statistical signal processing and classification techniques were applied to single-shot, broadband LIBS spectra, comprising measured plasma light intensities between 200 and 960 nm, for a suite of 157 garnets of different composition from 92 locations worldwide. Partial least squares discriminant analysis was applied to sets of 25 LIBS spectra for each garnet sample and used to classify the garnet samples based on composition and geographic origin. Careful consideration was given to the cross-validation procedure to ensure that the classification algorithm is robust to unseen data. The results indicate that broadband LIBS analysis can be used to discriminate garnets of different composition and has the potential to discern geographic origin. © 2010
Introduction
Laser-induced spectroscopy (LIBS) is an analytical technique that has the potential for geochemical analysis in the field in real time. Since the technique is simultaneously sensitive to all elements, a single laser shot can be used to record the broadband LIBS emission spectra, which provides a unique chemical "fingerprint" of any material-solid, liquid, or gas. This study is a contribution to a long-term effort to examine the potential of using LIBS for geological material discrimination. It builds directly on the work undertaken in the Army Research Laboratory spectroscopy laboratory since 2004 [1] [2] [3] [4] [5] [6] [7] that has been directed toward exploiting the unique potential that LIBS has for real-time geochemical "fingerprinting." For example, the ability to identify the geographic source area of gem minerals is one way of determining if a stone may have originated from a politically unstable area. This application of LIBS to natural geological materials focuses on using multivariate statistical classification techniques for the identification of different varieties of garnet, a semiprecious silicate mineral of highly variable composition that has been used as a gemstone since the Bronze Age. The study had two objectives: (i) to determine if the six basic garnet compositional species could be readily distinguished by LIBS and, if this was possible, (ii) to investigate whether it might be possible to use LIBS as a means of determining garnet provenance.
Mineral Garnet
Nesosilicate minerals are those in which the basic SiO 4 tetrahedra building blocks are isolated and bound to each other only by ionic bonds from interstitial cations. Garnets comprise a complex group of nesosilicate minerals that crystallize as rhombic dodecahedrons, trapezohedrons, or a mixture of these two forms [ Fig. 1(a) ] and have a widely varying composition represented by the general formula A 3 B 2 ðSiO 4 Þ 3 , where "A" and "B" refer, respectively, to cation sites of eightfold and sixfold coordination [8] . The "A" sites are occupied by large divalent cations, whereas the "B" sites host smaller trivalent cations [ Fig. 1(b) ]. Members of the garnet mineral group have the same cubic crystal structure, but may vary in chemical composition and, therefore, also exhibit ranges in many of their physical properties [9, 10] .
Garnets occur in many different igneous and metamorphic geologic settings, which typically determines the particular type of garnet(s) present. The six common species of garnet form ideal end-member chemical compositions of isomorphous series [8] . As a consequence of cation size considerations in filling the "A" site, there is a division of garnets into those in which it contains Ca and those in which it is occupied by another divalent cation (e.g., Mg 2þ , Fe 2þ , or Mn 2þ ). Thus, garnet can be divided into two broad compositional classes [11] : the ugrandite group consisting of end-member compositions with Ca 2þ in the "A" site-andradite [ [12] . Six other minor species of garnet occur in nature [8] , but are not common and, therefore, were not considered in this study. It is important to note that garnets very rarely, if ever, occur in nature with compositions precisely matching the pure end-member species, so that names are assigned based on the dominant molecular type [8] . Because of similarity in ionic radius, "A"-site interchangeability of Mg 2þ , Fe 2þ , and Mn 2þ , solid solution is common within the ternary mixture of pyrope, almandine, and spessartine [13, 14] and also has been demonstrated between the ugranditepyralspite groups, both in the laboratory and in natural occurrence [15, 16] . Chemical zoning is common but not universal, in garnets from metamorphic rocks, with compositional variation greatest near the margin of the mineral due to diffusion-reaction processes [17] [18] [19] [20] .
As would be expected from a chemically complex group of minerals, garnets owe their color to a variety of causes and can occur in all colors, including an exceptionally rare, blue color-change variety of pyropespessartine [21] . Garnet is allochromatic, meaning that most of the color variations in different garnets are due to their highly variable trace element impurities rather than to the elements that define their bulk composition. The color seen for a mineral is produced when light is selectively absorbed by ions or by interactions between ions. For example, absorption by Cr 3þ , V 3þ , Fe 3þ (in the 6-coordinated site), Fe 2þ (in the 8-coordinated site), or Mn 2þ − Ti
4þ
, and Fe 2þ − Ti 4þ intervalence charge transfer can all be found in the visible spectra of garnets [22, 23] . Different types of garnet can have the same color and, therefore, attempting to discriminate on the basis of color was not a consideration in this LIBS study, although it is the most common basis for classifying garnets when a chemical analysis is not available, particularly for commercial purposes.
Experimental Methods
A commercial bench-top laser-induced breakdown spectroscopy (LIBS) system from Ocean Optics (LIBS-SC) in routine operation at the Army Research Laboratory was used to analyze 157 garnet samples from 92 different locations worldwide (Table 1) . The sample suite, which is a combination of garnets from the mineral collection of the Smithsonian Institution and garnets acquired specifically for this study, consisted of 26 almandines, 19 pyropes, 28 spessartines, 37 andradites, 32 grossulars, 10 uvarovites, 3 mixedtype samples, and 2 samples of unknown type. Because chemical analyses were not available for all samples, the classifications provided in the documentation accompanying the samples were accepted for purposes of this study. Small pieces a few mm in maximum dimension were taken from each garnet specimen and mounted in epoxy-filled Bakelite disks and polished for subsequent electron microprobe chemical analysis. The LIBS system at ARL consists of a Big Sky CFR200 laser (∼70 mJ=pulse, 1064 nm, 9 ns pulse width) and a 7-channel LIBS2500þ spectrometer with broadband coverage from ∼200-960 nm (∼0:1 nm resolution, 1:5 μs gate delay, 1 ms gate width). For each sample, 3-5 surface cleaning shots were taken in the center area of the garnet chip before sets of 25 single-laser-shot broadband LIBS emission spectra were acquired over 13,699 linearly spaced channels in a CCD spectrometer. Withinsample compositional variability was not investigated in this study.
Results and Discussion
As the six garnet types have the same Si-O anionic structural framework and it is only six cations (Ca, Fe, Al, Mg, Mn, and Cr) in various paired combinations that determine the specific garnet variety, the first objective was considered achievable by singleshot LIBS. The second objective of the study is considered a much more challenging problem, and one that single-shot broadband LIBS might not be sufficiently powerful to accomplish because of withinsample compositional zoning and the expectation that spectral differences between samples from different places will be more subtle, likely depending on small differences in sample trace element concentrations that reflect both the geological domain and the fluid conditions under which a garnet formed. Considering that broadband LIBS sensitivities generally are in the tens to hundreds of parts per million (ppm), single-shot LIBS spectra may not record trace elements present in garnets at such concentrations because of low signal-to-noise considerations. One approach to determining garnet compositional type would be to locate the specific wavelengths (Table 2) for the major elements indicative of each species of garnet; the relative intensities of the major peaks of the broadband LIBS spectrum at these wavelengths could then be used to classify a sample. Clearly the prominent peaks in the spectra of Fig. 2 are those for the most abundant divalent and trivalent cations present, and it is these elements that define the primary chemical differences between the garnet types. For example, from visual inspection of the LIBS spectrum in Fig. 3 Mg 2þ emission line pair at 279.6 and 280:3 nm and a single Mg line at 518:3 nm. However, since chemical mixing is common among the different garnet types, it is expected that most samples will contain components of other garnet types in solid solution to varying extents. For example, Fig. 3 [24] . Such an approach to classification might be possible, but would be time consuming and problematic, so a statistical signal processing approach was investigated as an alternative that could be used in realtime analysis and classification applications.
So, the approach taken in this examination of garnet was to use 25 single-shot LIBS spectra for each sample and employ the chemometric technique of partial least squares discriminant analysis (PLSDA), since this statistical approach inherently determines the wavelengths that are important for classification. PLSDA is a pattern classification technique that allows one to project both high-dimensional input data (prediction variables) and the class labels (target variables) into lower-dimensional space, such that the correlation between the prediction variables and the target variables in the lower-dimensional space is maximized [25] . PLSDA is capable of operating on high dimensional data, such as LIBS spectra, in a computationally efficient manner. By determining a linear projection to maximize correlation, PLSDA tends to place greater weights on wavelengths that are capable of discriminating between the specified classes. PLSDA has one primary user-determined parameter, the number of lower dimensions onto which both the prediction and target variables are projected, known as the number of latent variables. The best number of latent variables can be determined by selecting the value that maximizes classification performance over a finite range.
To ensure that a classification algorithm will yield robust performance to unseen data, it is necessary to evaluate the algorithm's performance using data not considered when training the algorithm. This process, typically known as "cross validation," begins by training the classification algorithm using a subset of the data while leaving the remainder of the data to assess the algorithm's performance. This process repeats until each sample of the dataset has been left out of the training set and used to evaluate the classifier. Overall algorithm performance can then be determined by aggregating the classification performance of each sample from the case when it was excluded from the training sets.
Selecting which samples of the dataset are simultaneously excluded from the training set is critical to obtaining an accurate assessment of algorithm performance when cross validating datasets comprised of LIBS spectra. Since the LIBS database is comprised of single-shot broadband spectra from 25 laser shots for each garnet sample, the spectra derived from a particular sample should be highly correlated with one another. Thus, if spectra from individual laser shots on a particular sample were used to train the algorithm, while additional spectra from the same sample were used to evaluate algorithm performance, the performance would most likely be artificially inflated from the true performance on unseen data. Therefore, when cross validating a pattern classification algorithm on the LIBS spectra, it is important to ensure that the spectra from all of the shots for a particular sample are simultaneously excluded from the training set when they are used to evaluate performance. This is the approach used here for all performance evaluations. The classification algorithm is trained excluding all 25 of the spectra for a particular garnet sample and the performance is evaluated using these 25 excluded shots. This process is repeated for each of the garnet samples. Although multiple spectra are collected for each garnet sample, the classification algorithm is designed to determine the class (type or geographic location) of each garnet sample. Therefore, a decision should be made on a sample rather than each laser shot. In order to reach a single decision for each sample, a voting procedure is used to combine the algorithm output for each laser shot. Then, the most common class decision obtained is assigned as the determined class for the garnet sample.
A. Garnet Composition Classification
Principal components analysis (PCA) was used to visualize the LIBS spectral database in two dimensions. PCA is a standard technique for dimensionality reduction that finds a linear mapping from a high-dimensional space to a lower-dimensional space without the use of class labels [26] . The linear mapping is chosen to maximize the variance in the resulting lower-dimensional space and is determined by performing an eigen-decomposition on the covariance matrix of the observation dimensions. Although PCA was not used in this study to classify LIBS spectra, it provided a helpful means of visualizing the LIBS database within the context of the classification task of interest. Figure 4 displays the projection of the LIBS spectral database onto the first two principal components (PCs) with the gray symbols denoting the pyralspite group and the black symbols denoting the ugrandite group. The six different symbols indicate the six garnet compositional types. For visual clarity, the PCs were calculated using all available LIBS spectra, and the mean of the spectra from the 25 laser shots for each sample was calculated and then projected into the two-dimensional space. Therefore, each point in Fig. 4 corresponds to an individual garnet sample in the database. It can be seen that both the major garnet groups and the garnet compositional types cluster in a distinct manner in the two-dimensional PC projection, which indicates that robust performance for the classification task should be obtainable using most pattern classification techniques.
The two group arrays in Fig. 4 converge to the same origin on this plot as a consequence of their common Si-O anionic structural framework. The ugrandite group of andradite (Ca þ Fe), grossular (Ca þ Al), and uvarovite (Ca þ Cr) garnets define the coherent array of positive slope on the right side of the diagram with partly overlapping groupings of data points because they have Ca as a common "A"-site constituent. By contrast, the pyralspite group of almandine (Fe þ Al), spessartine (Mn þ Al), and pyrope (Mg þ Al) garnets form a broad and less coherent array on the left side of the figure with largely separated groupings of data points, reflecting the extensive solid solution possible within the three garnet types of this group. Clearly, the solitary andradite point in Fig. 4 that falls in the midst of the spessartine array is the result of a misclassification of that sample.
The best number of latent variables for the PLSDA classifier was estimated by performing the crossvalidated performance evaluation using a number of latent variables ranging from 1 to 30. The highest percent of correct classifications was obtained when using 26 latent variables, and the results shown in Fig. 4 were obtained with this number of latent variables. Figure 5 shows the percent of correct of garnet type classifications as a function of the number of latent variables. Classification performance first plateaus at >85% at just five variables and then reaches a second plateau of ∼90% correct classification using 13 variables, before reaching maximum classification performance of just under 95% at 26 variables. An algorithm to determine the garnet compositional type was constructed using the PLSDA method, and the performance was quantified using the cross validation and voting procedures described above. This process produced the classification "confusion matrix" shown in Fig. 6 . The cells of the columns of the Fig. 6 matrix denotes the percentage of garnet samples that were identified as belonging to a class (i.e., compositional type) when the samples actually belong to the class designated by the row. The numbers to the right of each row of the confusion matrix indicate the number of samples of each class that were used to evaluate the algorithm. For example, all 18 of the pyrope samples were so assigned, whereas 26 of 28 spessartines were classified correctly but 2 of these samples were instead classified as andradite.
From Figs. 5 and 6, it is seen that the garnet type classification success is high, determined correctly for 94.7% of the tested samples. If this same classification algorithm is used to indentify the major garnet group, ugrandite or pyralspite, then a 98% correct identification rate is obtained. It is important to note that the primary misclassification error is to assign other garnet types to the grossular (Ca þ Al) class: 2 of 28 spessartines (Mn þ Al), 3 of 37 andradites (Ca þ Fe), and 1 of 10 uvarovites (Ca þ Cr). These six misclassifications are likely a consequence of the fact that both Ca and Al have strong emission lines that are very pronounced features of the garnet LIBS spectra. Since Ca is present in all three ugrandite group garnets as a major constituent, its abundant presence in andradite and uvarovite turns out, in some cases, to dominate the much weaker Fe and Cr emission lines with the PLSDA classifier even though Al is absent in the LIBS spectra. For the pyralspite group, 100% classification success is achieved for almandine and pyrope, the two garnet types lacking Ca. As both contain Al, the presence of Fe and Mg peaks in these garnet compositions drive the classification. By contrast, since the presence of even a small amount of Ca in solid solution will dominate a garnet LIBS spectrum and Mn is a weak emission line in the garnet LIBS spectra and thus contributes less robustly to the classification, it is presumed that a small amount of Ca in some spessartine samples is the cause of their ∼7% misclassification rate.
In addition to classifying the garnet samples on the basis of composition using a statistical approach like PLSDA, one can examine the degree similarity amongst the garnet samples using a distance matrix approach [27] , which illustrates the similarities between each pair of samples in the database. Figure 7 is a distance matrix derived from the LIBS spectra for the 157 samples assigned to one of the six garnet types. Darker colors correspond to samples that are compositionally similar, whereas lighter colors correspond to samples that are dissimilar in composition. The distance between a pair of samples is determined using all 25 LIBS spectra from each of the two samples by calculating the average euclidean distance between each pair of 25 laser shots. Therefore, the distance between a sample and itself is typically nonzero. Calculating the distance matrix in this way includes a measure of the shot-to-shot variability for a single sample.
As seen from Fig. 7 , the six garnet types form dark blocks lying along the principal diagonal, with each sample most similar to itself, as expected. In some cases, most samples of a garnet type are broadly similar in character (dark shading), whereas in others there is a large degree of heterogeniety (mixed dark and light shadings) within a garnet type. For exam- ple, compare the pyrope and almandine groups in Fig. 7 to the andradite and grossular groups. Given that chemical analyses are not presently available for all samples and the samples were assigned to one of the six garnet types based on accompanying documentation, for which a type assignment may have been based on color, samples that are striking dissimlar to others of its type may in fact be misclassified or may be solid solution mixtures (e.g., the last four samples of the Ca-Al grossular group, which bear a stronger similarity to that group). Similarly, some of the samples of the Ca-Al grossular group have a strong similarty to the Mg-Al pyrope group, which may denote Mg substitution for Ca in some samples of the grossular group.
B. Garnet Location Identification
Identification of the geographic location of a garnet sample is a much more difficult task than the classification of garnet by major group or compositional type, since the indicative characteristics of the spectra are likely to result from a subtle difference in trace element character as a consequence of fluidcrust interaction at the time of garnet formation rather than differences in the primary chemistry of the samples. To create an algorithm that can effectively identify the location of origin, analysis was performed assuming that the type of garnet is known. In practice, one could reasonably consider first identifying the type of garnet, as described above, followed by a determination of its place of origin. The performance of identification of geographic location described below does not consider the error rates observed in the previous section, however, complete assessment of system performance would need to consider the accuracy of both stages of classification.
For this portion of the study, it was necessary to use only a subset of 87 of the 157 garnet samples because multiple samples from a locality were required for the cross-validation training procedure. The assignment of garnets into geographic groups was based on the large-scale similarity in host geological setting. For the pyralspite group, (i) the Fe-Al garnet almandine set consisted of samples from the Tyrolian Alps of Austria (3), western Connecticut, USA (7), western North Carolina, USA (5), and New Hampshire, USA (3) (5); (ii) the Ca-Al grossular garnet set consisted of samples from California, USA (3), Coahuila, Mexico (5), Shipton Township, Canada (7), and the Siberia area of Russia (4); and (iii) the Ca-Cr uvarovite garnet set consisted of samples from California, USA (4) and the Ural Mountains of Russia (3). The cross-validation and voting procedures described above were again used to assess classification performance for place determination within each of the garnet types. When using the cross-validation procedure, issues may arise for small sample sets since there would be only very limited training data locations of one or two samples when one sample is withheld for evaluation. Therefore, as noted above, the only locations for which there were more than three samples were used in the geographic analysis.
The PLSDA algorithm was applied to the LIBS spectral datasets for the geographic groups for each of the six garnet types, and classification performance was quantified as before. The resulting confusion matrices for location identification for each garnet type are shown in Fig. 8 . These confusion matrices are similar in form to that shown in Fig. 6 . As anticipated, the identification of the place of origin is a more difficult task than the identification of garnet compositional type. The overall success in classifying the subset of 87 garnets is only 55%, with classification performance for individual garnet types ranging from 21.4-85.7% (Fig. 9) . Not surprisingly, classification performance is best for those locations represented by the largest number of samples. The very poor result for the andradite group results from the assignment of the samples from the Swiss Alps to the Italian Alps group and vice versa. This indicates that these garnets are derived from the same geological domain and should be so grouped, which would elevate the andradite classification success rate to 85.6% and the overall performance to an encouraging level of 69%. Figure 10 presents the distance matrices for each garnet type for geographic groups having three or more samples. Ideally, one would see strong within-place similarity for each garnet type and dissimilarity with other places. The almandine distance matrix is the most exemplary in this regard, but one of the North Carolina samples is clearly different compositionally than the other four. The same is observed for the grossulars, where one Quebec and one Russian sample again are compositionally distinct and for the uvarovites, where one of the California samples is unlike the other three.
To gain some insight into why place of origin classification is significantly more difficult than classification on the basis of bulk composition, it is useful to examine the physical relation between the learned parameters of the PLSDA classifier and the known chemistry difference between the garnet samples. For a classification problem that uses PLSDA, the importance of each wavelength to the classification algorithm can be measure by using variable importance in the projection (VIP) scores [28] . Larger VIP scores indicate a greater importance to classification. Figure 11 plots the VIP scores for selected wavelengths labeled according to the elements corresponding to these wavelengths. The VIP scores for the PLSDA model for composition classification are shown with hatched bars, while the average VIP scores for the geographic classifications are Fig. 9 shown in solid bars with error bars indicating two standard deviations. It can be seen in Table 2 that the wavelengths most important to garnet composition classification correspond to the main cations that differentiate the species of garnets (Ca, Mg, Al, Fe, Mn, Cr), whereas the wavelengths important to locational classification correspond to impurities (Na, K, Li, H) within the garnets. The dependency of location classification on impurities within the samples indicates why discerning location is a significantly more difficult task than classification of garnet by compositional type. To characterize the changes in impurities as a function of location, a significant number of garnet samples must be included in the library from which the geographic models are constructed. For the current analysis, there were only a limited number of samples of a particular garnet type from a particular location. A larger LIBS spectra database with more samples of each species from each location should enable more accurate and robust locality identification. This conclusion is supported by the distance matrices for the garnets used in this portion of the study.
Summary
Garnet, a common mineral in many metamorphic and igneous rocks, occurs in six common compositional species. In this study, statistical signal processing and classification techniques have been applied to broadband LIBS spectra acquired by laser-induced breakdown spectroscopy for a suite of 157 garnets of different composition from 92 locations worldwide. Each broadband LIBS spectrum comprises measured plasma light intensities between 200 and 960 nm. A set of 25 LIBS spectra was acquired for each garnet sample, and partial least squares discriminant analysis was used to classify garnet samples based on composition and geographic origin. Careful consideration was given to the cross-validation procedure to ensure that the classification algorithm is robust to unseen data. Partial least squares discriminant analysis (PLSDA) was applied to the LIBS spectral database to develop and quantify the performance of pattern classification algorithms that, in the future, could be used in the context of a spectral library to determine both type and geographic location of an unknown garnet sample. The best number of latent variables for the the PLSDA classifier was estimated by performing the cross-validated performance evaluation using a number of latent variables ranging from 1 to 30. Classification performance was observed to plateau at >85% at just five variables, reach a second plateau of ∼90% correct classification using 13 variables, and reach a maximum of 94.7% at 26 variables. A 98% correct identification rate is obtained for identification of the major garnet groups, ugrandite or pyralspite, using the same classification algorithm. A subset of 87 of the 157 garnets from locations having more than three samples was used to test whether the location of origin of the garnets could be determined. Overall success in geographic classification was only 55%, with classification performance for individual garnet types ranging from 21.4-85.7%, with classification performance best for those locations represented by the largest number of samples. The very poor result for the andradite group results from the assignment of the samples from the Swiss Alps to the Italian Alps group and vice versa. This indicates that these garnets are derived from the same geological domain and should be so grouped, which would elevate the andradite classification success rate to 85.6% and the overall performance to an encouraging level of 69%. An analysis of VIP scores shows that the LIBS spectral wavelengths most important to garnet composition classification correspond to the main cations that differentiate the species of garnets (Ca, Mg, Al, Fe, Mn, Cr), whereas the wavelengths important to locational classification correspond to impurities (Na, K, Li, H) within the garnets. These results suggest that broadband LIBS analysis can be used to classify garnets of different composition and has the potential to discriminate garnets of different geographic origin. The accumulation of a larger number of LIBS spectra than used in this study (e.g., 100) would address the signal-to-noise issue and likely provide a more robust classification performance.
